Panerai RB, Dineen NE, Brodie FG, Robinson TG. Spontaneous fluctuations in cerebral blood flow regulation: contribution of PaCO 2 . J Appl Physiol 109: 1860 -1868. First published September 30, 2010 doi:10.1152/japplphysiol.00857.2010.-To investigate the temporal variability of dynamic cerebral autoregulation (CA), the transient response of cerebral blood flow to rapid changes in arterial blood pressure, a new approach was introduced to improve the temporal resolution of dynamic CA assessment. Continuous bilateral recordings of cerebral blood flow velocity (transcranial Doppler, middle cerebral artery), end-tidal PCO 2 (PETCO 2 , infrared capnograph), and blood pressure (Finapres) were obtained at rest and during breath hold in 30 young subjects (25 Ϯ 6 yr old) and 30 older subjects (64 Ϯ 4 yr old). Time-varying estimates of the autoregulation index [ARI(t)] were obtained with an autoregressive-moving average model with coefficients expanded by orthogonal decomposition. The temporal pattern of ARI(t) varied inversely with PETCO 2 , decreasing with hypercapnia. At rest, ARI(t) showed spontaneous fluctuations that were significantly different from noise and significantly correlated with spontaneous fluctuations in PET CO 2 in the majority of recordings (young: 72% and old: 65%). No significant differences were found in ARI(t) due to aging. This new approach to improve the temporal resolution of dynamic CA parameters allows the identification of physiologically meaningful fluctuations in dynamic CA efficiency at rest and in response to changes in arterial CO2.
AS REVIEWED by Obrig et al. (22) , spontaneous low-frequency oscillations in cerebral blood flow (CBF) have been observed in humans and other mammals, using different measurement techniques such as laser-Doppler, blood O 2 level-dependent MRI, transcranial Doppler ultrasound, and near-infrared spectroscopy. To some extent, multivariate dynamic models have been able to explain most of the spontaneous variability in CBF, as estimated from transcranial Doppler ultrasound recordings of CBF velocity (CBFV), as caused by concomitant fluctuations in mean arterial blood pressure (MABP) and arterial PCO 2 (Pa CO 2 ), usually estimated from recordings of endtidal CO 2 capnography (18, 30, 31) . On the other hand, several studies have suggested that oscillations in CBF could be linked to parallel fluctuations in cerebral metabolism, O 2 utilization, or CBF autoregulation (7, 11, 17) . In humans, systems analysis of the relationship between MABP and CBF (or CBFV), in the same frequency range of spontaneous fluctuations (ϳ0.05-0.15 Hz), can reflect both myogenic and metabolic CBF regulation and has been broadly referred to as dynamic cerebral autoregulation (CA) (1, 24, 35) . Most studies of dynamic CA, including clinical applications, have assumed that CA is relatively stable over time intervals of 10 min or more, but there is increasing evidence suggesting that CA is nonstationary and can thus show much faster changes than previously anticipated (9, 18, 21, 27, 29, 32) .
Hitherto, a major hurdle for investigating the short-term variability of dynamic CA at rest is the difficulty of improving the temporal resolution of model-derived parameters usually adopted to express its efficiency. In other words, when very short segments of data (Ͻ60 s) are sequentially analyzed, it is not clear if the resulting parameters are reliable indicators of fluctuations in dynamic CA efficiency or simply "noise" resulting from limitations in analytic models more adequate to deal with much longer segments of data (5-10 min), such as transfer function analysis (24, 35) . A recent breakthrough in the attempt to increase the temporal resolution of dynamic CA parameters, though, was the validation of a moving-window autoregressive-moving average technique (ARMA), which could detect the temporal changes in CA efficiency induced by short-term hypercapnia and hypocapnia (6) . In the present study, we proposed further analytic improvements to represent time-varying properties of dynamic CA, and we adopted this novel approach to test two related hypotheses: 1) that spontaneous fluctuations in dynamic CA parameters at rest are not a random phenomenon and 2) that spontaneous fluctuations in CA efficiency are caused by arterial CO 2 variability. In both cases, we also tested the influence of aging by recruiting two distinct groups of healthy volunteers.
METHODS

Subjects and measurements.
A young (20 -40 yr old) group and an older (Ͼ60 yr old) group of healthy subjects were recruited. None had a history of cardiovascular or neurological disease. Ethical approval was obtained from the Leicestershire, Northamptonshire, and Rutland Ethics Committee, and written informed consent was obtained from each subject.
Measurements were performed in the supine position with the head supported by one or two pillows. Noninvasive measurement of arterial BP was performed in the middle finger of the nondominant hand with the Finapres device (model 2300, Ohmeda). Bilateral measurements of CBFV were obtained in the middle cerebral arteries (MCAs) with a 2-MHz probe supported by a headframe (Vyasis Companion III). A surface three-lead ECG was attached to the participants' arms, and end-tidal PCO 2 (PETCO 2 ) was recorded using small nasal cannulae connected to an infrared capnograph (Capnocheck Plus). All signals were continuously sampled at 500 Hz and stored on a hard drive. The servo adjust function of the Finapres was switched off during recordings.
After recordings were stable for at least 10 min, a 5-min baseline recording was obtained with the subject breathing normally. This was followed by two breath-hold maneuvers.
The breath-hold maneuver was performed after 2 min of normal breathing. Participants were asked to hold their breath after a normal inspiration and to breathe out first at the end of the maneuver to allow the recording of PETCO 2 stored in the lungs before breathing in again. Recordings continued for an additional 3 min after a return to normal breathing.
Data analysis. Time-varying estimates of dynamic autoregulatory performance were based on the autoregulatory index (ARI) (34) . In summary, a second-order differential equation model was used to generate template CBFV step responses to changes in MABP. Ten combinations of the gain, time constant, and damping coefficients of the differential equation were combined to produce an ARI varying from zero (absence of CA) to nine (best CA). A time-varying ARI [ARI(t)] was derived from ARMA models with time-varying parameters, following the structure adopted by Zou and Chon (36) . APPENDIX A provides a detailed description of the implementation of Tiecks' model as an ARMA structure. With the ARMA coefficients, it is possible to obtain the CBFV step response to a hypothetical sudden change in MABP, and the ARI parameter can then be estimated by fitting one of Tiecks' model template curves using least squares as previously described (26, 29) . APPENDIX B describes the use of orthogonal basis functions to obtain ARMA models with time-varying parameters (36) . Once those parameters are obtained, it is possible to calculate a corresponding CBFV step response for each instant of time, with each one leading to an estimate of ARI(t). The Walsh set of orthogonal functions was used to decompose time-varying ARMA coefficients, since this set can account for relatively fast changes in ARI(t) (3) . A maximum of 10 orthogonal functions were adopted (APPENDIX B).
Surrogate data. Simulations were performed to test the accuracy and precision of the time-varying ARMA algorithm against known values of the parameters. Two different modes were tested, with both using Tiecks' model to generate a known relationship between MABP and CBFV. First, baseline conditions were simulated with fixed values of ARI. Representative signals of MABP were generated with random Gaussian values, which were low-pass filtered at 0.25 Hz with a zero-phase Butterworth filter. The corresponding CBFV signal was calculated with Tiecks' model. Random Gaussian bandpass noise (0.001-0.2Hz) was added to the velocity signal to match a specified signal-to-noise ratio (SNR). As previously described, SNR ϭ 3 dB corresponds to realistic levels of noise, leading to values of squared coherence similar to what has been reported in the literature (29) .
The second condition simulated involved temporal changes in ARI. A similar procedure was adopted as for baseline similations, but in this case constant values of ARI were replaced by time-varying functions. To be able to test the performance of ARMA with both fast and slow changes, the ARI was made to drop suddenly from eight to two, followed by a linear return to its original value over a time interval of 200 s (see Fig. 2 ).
Baseline recordings. Signals recorded on the hard drive were visually inspected, and any narrow spikes in the CBFV signals were removed by linear interpolation. High-frequency noise in the CBFV signals was removed with a median filter. The MABP signal was calibrated, and the PET CO 2 signal was linearly interpolated to connect the highest values obtained at end expiration. All signals were then low-pass filtered with an eighth-order, zero-phase Butterworth filter with a cutoff frequency of 20 Hz. The interpolated PETCO 2 signal was visually inspected by a comparison with the raw data. The beginning and end of the cardiac cycle were detected from the ECG, and mean values of CBFV and BP were obtained for each heart beat. All beat-to-beat parameters were spline interpolated and resampled at 5 Hz to obtain a uniform time base.
Estimates of ARI(t) were obtained for each baseline segment of data for each subject as described above. Before the ARMA parameters were estimated (APPENDIX B), the sampling interval was decimated to 0.6 s to increase the whiteness of the MABP signal.
Breath-hold maneuver. During breath hold, large changes in PET CO 2 will induce large changes in CBFV, which could mask its relationship to MABP. As previously described, the much slower response of CBFV to Pa CO 2 changes permits a separation of the two influences on CBFV (18, 30) . Accordingly, the influence of CO2 on CBFV was removed by high-pass filtering the CBFV signals with a cutoff frequency of 0.01 Hz (see Fig. 3 ). The potential influence of Pa CO 2 -BP interactions will be discussed later.
Using the same processing described above, estimates of ARI(t) were obtained continuously before, during, and after the breath-hold maneuver and were correlated with concomitant changes in the other variables.
Statistical tests. One hundred simulation runs were performed for each set value of ARI with SNRs of 20 and 3 dB. From each run, the mean estimated ARI and intrarecord SD (SD intra) were calculated as well as the distribution-free 95% confidence limit for SDintra at each value of ARI. Corresponding values of SDintra for baseline recordings were compared with the 95% confidence limit from simulations to test the hypothesis that ARI(t) does not remain constant during baseline recordings.
Representative temporal patterns of parameter changes during breath hold were obtained by calculating the coherent averages and corresponding sample-by-sample SD using the peak value of CBFV as the fiducial mark for synchronization. From visual inspection, the peak CBFV was regarded as the most reliable signal characteristic at the end of breath hold and was used to synchronize coherent averages within a 180-s window of data.
The hypothesis that fluctuations in ARI(t) are caused by spontaneous fluctuations in Pa CO 2 during baseline recordings was tested by calculation of the cross-correlation function between PETCO 2 and ARI(t) and the location of the position and absolute amplitude of the minimum cross-correlation for a positive time delay. The absolute amplitude of the minimum (or "trough") was compared with the 95% confidence limit for the null hypothesis, which was calculated as 2 ϫ (N L) Ϫ0.5 , where NL is the minimum number of samples in the baseline recordings. For 5-min baseline recordings with a sampling interval of 0.6 s, N L ϭ 500, resulting in a 95% confidence limit of the crosscorrelation function of 0.09.
RESULTS
Good quality recordings were obtained in all 60 volunteers for the right MCA. For the left MCA, no temporal acoustic window could be found in six volunteers from the older group, thus precluding recordings of CBFV in their left MCA. Table 1 shows the main demographic and baseline physiological characteristics of the two groups studied. In addition to the expected difference in age, the two groups also showed significant differences in systolic and diastolic BP as well as body mass index.
Surrogate and baseline data. Surrogate data analysis with constant values of ARI produced estimated values with an almost perfect linear relationship with the simulated values for SNR ϭ 20 dB. For the lower SNR (3 dB), the relationship was not altered for values of ARI Ն 2. For lower values of ARI, though, the predicted values showed a positive bias, as shown in Fig. 1A . Table 1 shows mean Ϯ SD values for the main parameters for time-invariant estimates of ARI. Highly significant differences between the young and older group were found for CBFV for both the right and left MCAs. The left-side ARI was also borderline lower in older subjects compared with young subjects.
Estimates of ARI(t) during baseline recordings showed considerable fluctuations, which were expressed by SD intra . These values are shown in Fig. 1B (right MCA only), together with their 95% confidence limit derived from the surrogate data analysis. The 95% confidence limit remained approximately constant for lower values but tended to drop for ARI Ͼ 6. Table 2 shows the number and proportion of baseline recordings with values of SD intra above the 95% confidence limit, suggesting that ARI is not a constant quantity but is varying in time during baseline recordings. Comparisons of the right versus left MCA or young versus old subjects did not show any significant differences in the percentage of recordings with nonrandom fluctuations in ARI(t) ( Table 2) .
Estimated mean values of ARI(t) for time-varying simulations of ARI showed an excellent response to rapid changes and also the ability to follow the slower return to baseline over a period of 200 s, as shown in Fig. 2 .
Breath-hold maneuver. A representative recording during breath hold is shown in Fig. 3 . The effectiveness of the maneuver was confirmed by the gradual rise in CBFV (Fig. 3B ) and the elevated value of PET CO 2 (Fig. 3A) when the subject expired at the end of the maneuver. The high-pass filtered CBFV signal (Fig. 3D) did not show the same influence of hypercapnia as observed in CBFV. The corresponding estimate of ARI(t) is also shown (Fig. 3E) and demonstrated a drop coincident with the beginning of the maneuver. Population coherent averages are shown in Figs. 3, F-I , and demonstrated a consistent pattern of ARI(t) for both young and old subjects during breath hold. For obvious reasons, PET CO 2 only captured expired Pa CO 2 at the end of the maneuver, showing a clear peak. Analysis of the results shown in Fig. 3 , F-I, did not demonstrate marked differences in the older group compared with the young group except for differences in baseline values of CBFV, MABP, and PET CO 2 , as expected from the values shown in Table 1 .
Spontaneous fluctuations in Pa CO 2 . In most baseline recordings, PET CO 2 presented visible spontaneous variability, as exemplified by the recording shown in Fig. 4A for a single individual. Figure 4B shows the corresponding changes in ARI(t) for both the right and left MCAs. When the crosscorrelation function between PET CO 2 and ARI(t) was computed, it had the characteristic pattern shown in Fig. 4C and demonstrated a negative trough around 20 s. In this representative example, the absolute value of the cross-correlation (ϳ0.5) was considerably larger than the 95% confidence limit, as also shown in Fig. 4C (dotted line). This highly significant value of the cross-correlation suggests a causal relationship between spontaneous baseline changes in Pa CO 2 inducing corresponding inverse changes in ARI(t). For the individual recording shown in Fig. 4 , the effect of Pa CO 2 fluctuations on ARI(t) took place with an average delay of 20 s. The minimum cross-correlation value for the two groups of subjects, for both right and left MCA recordings, is shown in Fig. 5 as a function of the PET CO 2 spontaneous baseline variability, expressed by SDINTRA. Linear regression analysis confirmed a significant association (P ϭ 0.022). Most nonsignificant cross-correlations occurred for SDPET CO 2 Ͻ 1.2 mmHg (Fig. 5) . According to the linear regression equation represented by the dashed line in Fig. 5 (y ϭ Ϫ0.1547 Ϫ 0.0594 ϫ SD), even for SD ϭ 0 the predicted minimum cross-correlation (Ϫ0.1547) would be significant compared with the 95% confidence limit (Ϫ0.09). Amalgamating the left and right side responses for each group, statistically significant cross-correlation minima occurred in 72% (43 of 60) of the young subjects and 65% (39 of 60) of the older group. When only recordings with significant cross-correlations were considered, the minimum value (trough) occurred with a delay of 9.2 Ϯ 13.5 s (n ϭ 43) in the young group and 10.3 Ϯ 11.9 s (n ϭ 39) in the older group. Neither the number of recordings with significant cross-correlations nor the time delay of their minima showed statistically significant differences between the two groups of subjects. n ϭ 30 subjects/group; *n ϭ 24 for the left middle cerebral artery (MCA) of the old group. BP, blood pressure; ARI, autoregulation index. Mean BP Finapres represents the averaged values of mean BP for the entire recording. Critical closing pressure and the resistance-area product were calculated from the first harmonic of arterial BP and cerebral blood flow velocity for each cardiac cycle.
DISCUSSION
Main findings. In a previous communication (6), we applied a moving-window ARMA technique to a subset of the present set of data and showed that ARI(t) presented characteristic time-varying patterns during respiratory maneuvers. The orthogonal decomposition approach adopted in the present study has overcome several limitations of the moving-window technique, allowing a more general representation of temporal changes in dynamic CA parameters not only in response to respiratory maneuvers but also during baseline recordings.
Compared with the moving-average approach (6), orthogonal decomposition has several advantages, such as 1) better temporal resolution, particularly reflecting sudden changes in ARI(t), as demonstrated by the simulation shown in Fig. 2; 2) better use of data without the need to discard the equivalent of one window's duration (typically 60 s) in each recording; 3) greater independence of results from choice of window duration; and 4) reduced risk of misinterpretation of physiological responses, such as time delays, due to windowing effects.
These advantages of the new orthogonal decomposition approach allowed improved estimates of ARI(t) both at rest and during breath hold. Of note, we demonstrated that for the majority of recordings at rest (i.e., baseline), there were significant changes in ARI(t) that are unlikely to be consequence of noise or random fluctuations (Fig. 1) . Furthermore, we also showed that in most cases these fluctuations are strongly associated with corresponding fluctuations in PET CO 2 , thus confirming their physiological origin. One important corollary of these findings is that assessment of dynamic CA in clinical settings need to take into account the influence of Pa CO 2 on CA parameters, not only during large changes in Pa CO 2 but also during normal breathing. For this reason, continuous recording of PET CO 2 should be regarded as mandatory for the rigorous assessment of dynamic CA (25) . The main finding of this study, that spontaneous fluctuations in PET CO 2 can modulate dynamic CA parameters, should not be confounded with previous reports describing the influence of PET CO 2 on spontaneous fluctuations in CBFV (18, 30) . The changes in ARI(t) after breath hold confirmed their physiological significance and overall agreement with previous results based on the movingwindow ARMA approach (6) . The orthogonal decomposition approach also broadly confirmed the lack of substantive influences of aging on dynamic CA, in agreement with several previous studies.
Physiological considerations. Evidence of nonstationarity of CA can be inferred from both animal and human studies. Although dynamic CA was not directly assessed, fluctuations Values represent the proportion of baseline recordings with an intrarecord SD above the 95% confidence limit (Fig. 1) .
Fig. 2. Simulated time-varying values of ARI (A) and corresponding estimated mean values of ARI(t) (B). Dashed lines represent Ϯ 1SD.
in the metabolic state, small vessel diameter, oxy-and deoxyhemoglobin, cytochrome oxidase, and CBF suggest a pattern of temporal variability in the regulation of CBF (2, 7, 10, 11, 13, 14, 22) . In humans, visual inspection of CBFV changes associated with large spontaneous BP transients can reveal longitudinal, intrasubject fluctuations in dynamic CA (26) . Different analytic approaches have reinforced these observations. Some examples come from moving-window ARMA (6, 27) , phase synchronization (15, 23) , multimodal pressure-flow analysis (12) , wavelet analysis (32), Laguerre-Volterra networks (18) , or time-frequency analysis (9).
Our finding, that spontaneous fluctuations in ARI(t) at rest are significantly different from noise ( Fig. 1) and can be explained, at least partly, by parallel fluctuations in Pa CO 2 (Fig.  5) , complements and sheds light on a previous study (22) on spontaneous fluctuations of cerebral hemodynamic parameters. In particular, studies (2, 10, 11, 13, 14) reporting on spontaneous vasomotor activity at rest have suggested coincident changes in dynamic CA. The significant association we found between spontaneous fluctuations in PET CO 2 and temporal variability of dynamic CA parameters could be a major factor to explain the observations reported by a study (22) where respiration and/or Pa CO 2 levels were not strictly controlled. The observation that spontaneous oscillations in vessel diameter are severely damped by hypercapnia gives further support to their autoregulatory origin and sensitivity to Pa CO 2 levels (2, 10, 22) .
Clinical implications. Despite growing evidence that dynamic CA is a time-varying phenomenon, this new paradigm has not been translated to clinical applications. Even studies that have applied innovative analytic techniques to specific patient groups (12, 20, 21, 23) have retained a unidimensional approach, without exploring the information potential of timevarying patterns of dynamic CA parameters. A major hurdle in this direction is obviously our limited understanding of the pathophysiological determinants of dynamic CA nonstationarity at rest. Our demonstration that this variability can be attributed to fluctuations in Pa CO 2 is an important step to isolate the different factors responsible for spontaneous changes in ARI(t) or other CA parameters. Although we could not detect an effect of aging on the influence of Pa CO 2 on ARI(t), either at rest or during breath hold, it is conceivable that differences could be observed at much more extreme values of Pa CO 2 or in the presence of ischemia or other cerebrovascular pathology.
Clinical studies hoping to benefit from high-resolution estimates of dynamic CA will also have to face the difficulty of assessing the reproducibility of time-varying parameters. Hith- erto, the reproducibility of dynamic CA parameters has been assessed by repeated, longitudinal measurements over several days or weeks, with the assumption that, subject to stable physiological conditions, these parameters remain constant over short-term intervals (4) . With the new paradigm of dynamic CA showing spontaneous fluctuations during time intervals measured in seconds rather than hours, it is necessary to revisit the concept of reproducibility. To address this conundrum, it will probably be necessary to advance to a higher level of modeling. If our initial demonstration that part of the temporal variability of dynamic CA parameters can be explained by fluctuations in Pa CO 2 is confirmed by others, it should be possible to quantify this dependence, for example, with multivariate modeling techniques (18, 30) . The next step would involve the analysis of unexplained residuals and so on, until a point is reached where any residual fluctuations in dynamic CA parameters can be demonstrated to be random (Fig. 1) . Previous studies (19, 28) have seemed to suggest that fluctuations in mental activation could also be a candidate to explain temporal changes in dynamic CA at rest. Above all, any studies exploring clinical applications will have to demonstrate that additional analytic complexity is warranted by gains in sensitivity, specificity, or prognostic value.
Study limitations. Estimates of CBFV obtained with transcranial Doppler ultrasound rely on the assumption that the diameter of the insonated artery (MCA) remains approximately constant to guarantee a stable relationship with CBF. Substantial changes in BP and Pa CO 2 did not lead to significant changes in MCA diameter (8, 33) . During breath hold, any changes in MCA diameter would have led to an underestimation of the true changes in CBFV, meaning that even larger changes in ARI(t) would have been present. However, during spontaneous fluctuations, it is possible, although unlikely, that minor random changes in MCA diameter could have contributed to the observed changes in dynamic CA.
Noninvasive measurements of BP in the finger could also be suspected as a source of spurious influence due to random fluctuations in the blood flow circulation of the hand. However, a previous investigation has shown that estimates of ARI(t) obtained with the moving-window ARMA technique were very similar to those derived from direct catheter-tip BP measurements in the ascending aorta (29) . Ideally, relatively large and rapid changes in MABP would be needed to allow robust quantification of the dynamic CA response (1). Spontaneous BP fluctuations have been often adopted as an attractive alternative, but it is not possible to assume that they will lead to dynamic CA responses that are physiologically equivalent to those induced by the thigh cuff maneuver.
During breath-hold maneuvers, the lack of expired air precluded the registration of continuous changes in PET CO 2 . Nevertheless, by asking subjects to expire at the end of the maneuver, it was possible to confirm that a substantial change in Pa CO 2 took place, and this was also confirmed by the temporal evolution of CBFV (Fig. 3) . Alternative techniques could be adopted to allow the continuous recording of PET CO 2 during hypercapnia, and this should be an important aim in future studies. Under stable physiological conditions, the delay between true Pa CO 2 and PET CO 2 estimates is assumed to remain constant. However, with changes in posture or other maneuvers that may affect the ratio between the dead space and tidal volume, there might be significant changes in the Pa CO 2 -PET CO 2 relationship that might affect their influence on ARI(t). The same applies to studies involving patients with pulmonary disease. Hypercapnia led to changes in MABP (Fig. 3C ), but on average these were relatively small compared with changes in CBFV (Fig.  3H) . We did not model the effects of CO 2 changes on MABP since these were automatically incorporated in the relationship between BP and CBFV that led to estimates of ARI(t). Likewise, the very-low-frequency effects of CO 2 on CBFV should not interfere with the estimates of dynamic CA parameters, which operate at a different frequency band (30) and could be removed by high-pass filtering, as shown in Fig. 3D .
Finally, the choice of Walsh functions as the orthogonal basis to express temporal changes in ARMA parameters (APPENDIX B) needs further validation. Our software allows the selection of other orthogonal bases, for example, sinusoidal functions or Legendre polynomials. We adopted Walsh functions due to their ability to reflect rapid changes (e.g., Fig. 2 ) and also their efficiency to represent temporal patterns with a relatively small number of functions (orthogonal functions ϭ 10). Despite initial encouraging results, this is one aspect of our approach that needs more thorough and systematic validation in the future.
In conclusion, a new approach to improve the temporal resolution of the BP-CBFV relationship allowed better representation of the longitudinal changes in dynamic CA parameters. Time-varying patterns of ARI(t), an index of dynamic CA, were validated by characteristic changes in response to the induction of hypercapnia. Fluctuations in dynamic CA at rest were also identified and, to a large extent, could be attributed to corresponding temporal variability in arterial CO 2 . No differences due to aging were found in the temporal variability of dynamic CA at rest or in response to breath hold. More research is needed to clarify the mechanisms involved in the nonstationarity of CA at rest. The application of these new methods to clinical studies of cerebrovascular conditions is strongly encouraged.
APPENDIX A: ARMA IMPLEMENTATION OF THE TIECKS MODEL
The model proposed by Aaslid and Tiecks (34) uses a second-order differential equation to predict the velocity signal [V(t)] corresponding to a pressure change [P(t)]. Initially, the pressure change is normalized as follows:
where CCPr is the critical closing pressure as a fraction of the baseline pressure. The relative velocity change [V(t)] estimated by the model is as follows:
where K is a gain parameter and x 2(t) is a state variable obtained from the following state equation system representing a second-order linear differential equation:
where f is the sampling frequency, T is the time constant, and D is the damping factor. In the original proposal of Tiecks et al. (34) , only 10 combinations of the parameters K, D, and T were considered, according to the values shown in their Table 3 , which also shows the corresponding value of ARI for each combination of these parameters.
To obtain the transfer function between P(t) and V(t), Eqs. A2-A4 can be written as their Z-transforms as follows:
where T=ϭ f ϫ T. Solving the above equations leads to the following z-transfer function:
A similar result has been previously reported (16) . Equation A8 can be written as follows:
where
Applying the inverse Z-transform to Eq. A9 results the following:
where p(n) and v(n) are discrete samples of P(t) and V(t), respectively. Equation A13 has the structure of a particular ARMA model where the past samples of both input and output are weighted by the same coefficient. Although dynamic autoregulation has been previously modelled with ARMA structures of order [2, 3] (16, 26, 29) , the above derivation suggests that Tiecks' model can be better represented as an ARMA of order [2, 1] .
After the estimation of the ARMA coefficients in Eq. A13, Eqs. A10 -A12 can be used to obtain the corresponding estimates of K=, T=, and D=, which are the unconstrained gain parameters and are able to assume values not limited to the original 10 values imposed by Tiecks et al. (5, 34) . Thus,
with T= 2 replaced by the summation of Eqs. A11 and A12. Similarly,
For a given segment of data, the ARMA coefficients (Eq. A13) can be estimated by least squares, leading to the corresponding estimates of K=, T=, and D=. The derivation of unconstrained values of K=, T=, and D= with the formulation above avoids the need for the exhaustive search previously adopted by Chacon et al. (5) .
APPENDIX B: TIME-VARYING ARMA
A system with time-varying parameters can be represented by an ARMA model as follows:
where p(n) and v(n) represent the input and output variables at discrete time sample n, a(i,n) and b(j,n) are time-varying autoregressive and moving-average coefficients, respectively, and [P,Q] are the model orders. A common approach to obtain solutions for a(i,n) and b(j,n) is to decompose these function as a weighted sum of orthogonal functions [g k(n)], as suggested by Zou and Chon (36):
where ␣(i,n) and ␤(j,n) are expansion parameters and O is the maximum number of orthogonal functions. Substituting Eqs. B2 and B3 into Eq. B1 yields the following:
New auxiliary variables can be defined as follows:
Substituting in Eq. B4 yields the following:
In this new equation, ␣(i,n) and ␤(j,n) are not functions of time and can then be estimated by classical methods, such as least squares. Once ␣(i,n) and ␤(j,n) have been estimated, the time-varying coefficients a(i,n) and b(j,n) can be obtained with Eqs. B2 and B3, and time-varying step responses can be calculated from Eq. B1. Time-varying estimates of ARI(n) can be obtained by Eq. B1 to estimate the v(n) step response to a sudden change in p(n) and then fitting the best standard Tiecks' model response to the first N w seconds of the v(n) step response, as previously described for time-invariant estimates of ARI (27, 29) . Using parabolic interpolation between discrete values of ARI (5, 34) , it is then possible to obtain a continuous scale for ARI(t).
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